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ABSTRACT 
 
Given the lack of demand forecasting models for e-scooter sharing systems, we address this 
research gap using data from Portland, OR, and New York City. A log-log regression model is 
estimated for e-scooter trips based on user age, income, labor force participation, and health 
insurance coverage, with an adjusted R squared value of 0.663. When applied to the Manhattan 
market, the model predicts 66K daily e-scooter trips, which would translate to 67 million USD in 
annual revenue (based on average 12-minute trips and historical fare pricing models). We 
propose a novel nonlinear, multifactor model to break down the number of daily trips by the 
alternate modes of transportation that they would likely substitute. The final model parameters 
reveal a relationship with taxi trips as well as access/egress trips with public transit in Manhattan. 
Our model estimates that e-scooters would replace at most 1% of taxi trips; the model can 
explain $800,000 of the annual revenue from this competition. The distance structure of revenue 
from access/egress trips is found to differ significantly from that of substituted taxi trips. 
 
Keywords: escooter, micromobility, New York City, nonlinear multifactor model, trip 
generation  
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1. INTRODUCTION 
 
“Micromobility services” is a relatively new term (in the context of urban mobility) defined 
to encapsulate the set of small vehicle shared mobility modes including electric scooters (e-
scooters), docked and dockless shared bikes, electric skateboards, and electric pedal-assisted 
(pedelec) bikes (see Zarif et al., 2019). The e-scooter sharing system was introduced in 2017 as a 
new shared mobility service in the United States (U.S.) and is now one of the fastest emerging 
micromobility services. As of 2018, e-scooter sharing companies such as Lime and Bird operate 
in over 100 cities around the world and have each been valued at over 1 billion USD in addition 
to receiving hundreds of millions in funding from venture capitalists (Toll, 2018). 
The growing popularity of this new mode of transportation can be accredited to its 
convenient dockless system and small form factor for making short trips. Users only need to 
download a smartphone application and locate a nearby scooter to start the ride. After reaching 
their destination, users can park the scooter anywhere, instead of having to return to the original 
pickup location. This dockless system has made the rental process smoother, enticing prospective 
users to test out the technology and encouraging conversion to the service (Irfan, 2018).  
The e-scooter sharing system has expanded so rapidly not only because of its low entry 
barrier, but also because e-scooters are potentially filling a mobility gap in cities that have 
weaker public transit infrastructure (Smith and Schwieterman, 2018). E-scooters can provide 
better access to transit access points and offer an economical means to travel short distances as 
part of a Mobility-as-a-Service (MaaS) system (Djavadian and Chow, 2017a). Furthermore, e-
scooters offer environmental advantages by reducing traffic congestion and fuel use, which can 
be a catalyst for adoption in cities where automobiles are the most common mode of 
transportation.  
Considering successful rollouts in major urban cities like Los Angeles, San Francisco, and 
Washington D.C., New York City (NYC) is poised to be a major market for e-scooter sharing 
services as millions of New Yorkers rely on public transit systems everyday, with over 2.5 
billion trips made in 2018 (MTA, 2018) that can be complemented with e-scooter access. Posed 
as a solution to the ‘last-mile’ problem (Djavadian and Chow, 2017b), e-scooter services can be 
expected to not only expand accessibility to transportation services throughout the city but also 
alleviate traffic congestion (Wondinsky, 2018). Similar micromobility services like Citi Bike 
(Xu and Chow, 2019) have already created niche markets to serve in Manhattan: the average 
travel time of Citi Bike rentals within 1.5 miles is 5 minutes faster and less expensive than taking 
a taxi (NYC, 2016). 
While the legality of e-scooters is varied throughout the U.S., growing demand has led many 
cities to now consider legalization. For instance, in response to thousands of requests from the 
public, cities like Portland, OR, and Baltimore, MD designed and implemented e-scooter pilot 
programs to test the potential impact on reducing pollution and congestion within their urban 
areas. In Portland, the promising results of the initial pilot program organized by the Portland 
Bureau of Transportation (PBOT) prompted a second phase trial to improve public safety and 
develop recommendations for permanent use (PBOT, 2018). Likewise, the NYC City Council 
has been challenged by the demands of e-scooter users. As of April 2019, several bills were 
proposed to legalize e-scooter services in NYC (Fitzsimmons, 2019).  
With such growth and interest from the private sector, policymakers clearly have a need to 
forecast the potential demand for e-scooter trips. While predicting the demand for trips from 
sociodemographic and trip data can be straightforward (as is the case in the PBOT pilot study), 
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using that trip demand to explain competition with existing trips is more elusive. The problem is 
that e-scooter trips tend to be shorter in distance, and many may not even be used to substitute an 
entire trip from origin to destination. Instead, e-scooters may be used to replace an access/egress 
trip to a public transit stop. It does not help that the literature on e-scooter demand forecasting is 
virtually non-existent.     
This study addresses this research challenge and gap in the literature by forecasting the 
modal substitution of e-scooter deployment in Manhattan. Three contributions are made. First, 
the e-scooter trip demand in Manhattan is estimated using a new trip generation model estimated 
from data from the PBOT pilot. Second, we propose a novel, nonlinear, distance-based factor 
model that distributes that demand into different fixed fractions of each mode by distance. The 
model separates e-scooter trips into two types: competitive substitutions (direct trips) and 
complementary substitutions (access trips). Lastly, the model is fit to the existing modal trip 
landscape in Manhattan to uncover the modes most likely to be replaced by e-scooters and to 
determine distributions of e-scooter trips by distance, by access or direct trip substitution, and to 
forecast corresponding revenues.  
 
 
2. LITERATURE REVIEW 
 
Although e-scooters have become increasingly popular in metropolitan cities, there exists 
limited research due to the relative infancy of e-scooter data, in contrast to ubiquitous bike 
sharing data. A survey of scientific literature on e-scooters yields studies involving descriptive 
analysis, business market analysis, and the hardware quality of e-scooters. Most research with e-
scooter ridership data analyzed patterns from observed e-scooter ridership data and the 
characteristics of riders (Degele, 2018; Smith and Schwieterman, 2018; Liu et al., 2019). Degele 
(2018) pointed out that e-scooter riders in Germany can be clustered by four customer segments 
based on their demographic characteristics and trip attributes. Smith and Schwieterman (2018) 
analyzed the patterns of e-scooter trips in Chicago and demonstrated the potential impact of e-
scooters. Some other studies have been presented in multiple cities by their departments of 
transportation through pilot programs (PBOT, 2018; BCDOT, 2019). A more environmental-
based analysis is presented about the positive effects of e-scooters on congestion and pollution in 
cities (Hardt and Bogenberger, 2019). None of these studies have estimated forecast models for 
e-scooter ridership.  
To estimate demand in different areas of transportation, trip generation regression models 
(McNally, 2007) are useful tools because of their simplicity. To quantify relationships between 
demographics and bike sharing ridership, some studies aggregate demographic variables for each 
spatial area (Ranaiefar and Rixey, 2015). Munira (2017) showed that micromobility demand 
tends to be attributed to several demographic and socioeconomic factors. Capital Bikeshare 
(2012) discovered that demographic characteristics such as employment rate, education levels, 
average age, and gender can be categorized in their user memberships. Hankey and Lindsey 
(2016) demonstrated that pedestrian and bicycle traffic are mostly attributed to district 
characteristics like high accessibility to jobs. Through this demographic perspective, clustering 
analysis regarding socio-demographic properties and travel modes was suggested to improve 
public bike systems (Geng et al, 2016). Likewise, a study about e-scooter sharing systems also 
considered the usage patterns of e-scooters and the behavioral characteristics of riders. Observed 
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e-scooter ridership data from pilot programs in Portland and Baltimore are highly correlated to 
groups between 20-40 years of age (PBOT, 2018; BCDOT, 2019).   
City mobility options include carpool, taxi, bike, walking, driving and public transit. If a 
new travel mode becomes available, mode substitutions may occur. Recent research has looked 
at the impact of a new mode like ride hailing on other modes (Gerte, 2019; Jin, 2018). Some 
studies in travel behavior analysis relate socio-economic factors which can influence the 
transition from existing modes to include the new micromobility service. For example, Yang et 
al. (2016) found that current bike sharing users were often converted from existing nonmotorized 
transportation modes when a bike sharing program is introduced. Another study also claims that 
the choice of travel between bike, automobile, and public transit is determined by 
sociodemographic characteristics and one’s context (Yang et al., 2015). Likewise, Smith and 
Schwieterman (2018) discovered that e-scooters would be a strong alternative to private 
automobile trips for short distances (between 0.5 and 2 miles). This supports Portland’s pilot 
findings that 34% of Portlanders would have chosen motorized travel modes if e-scooters were 
not available (PBOT, 2018).  
Due to convenience and ease of accessibility, micromobility services are often combined 
with other travel modes in the main trip. With the success of bike sharing, bike-and-ride can be 
used to substitute other access modes from and to public transit stations (Doolittle and Porter, 
1994; Shaheen, 2010). Travel choice models estimated by Fan et al. (2019) for first/last mile 
trips with bike sharing systems found that bike sharing can take 45.9% of mode share for 
first/last mile trips. They considered differences in choice behavior between various age groups 
and found young adults differed from middle-aged individuals. Halldórsdóttir (2017) found that 
mode choices of access/egress in Copenhagen are related to the travelers’ characteristics and the 
purpose of the trip. 
From what we can observe, no demand model regarding e-scooter ridership has been 
investigated, since the ridership data is not available for public access. In NYC, the e-scooter ban 
in Manhattan has further obfuscated ridership data. Even with the availability of ridership data, 
no model has yet been developed to directly relate the impact of e-scooter deployment on 
existing modes.  
 
 
3. METHODOLOGY 
 
Since ridership data of e-scooter sharing systems are not readily available to the public, the 
objective of this research is to uncover the determinants for the demand of e-scooters. The 
research design involves a two-step approach: (1) estimate and apply a demand model to forecast 
the potential demand in different zones within Manhattan; (2) estimate a nonlinear multifactor 
model to break down that demand into different modal trips such that statistically-significant 
factors would emerge. For example, based on the distribution of Citi Bike and taxi trip data, is it 
likely that e-scooters would achieve 2% market penetration against the former and 4% 
penetration against the latter? How much would these factors be affected by travel distance? The 
framework for the methodology is highlighted in Figure 1. Details of the models are presented in 
subsequent subsections. 
The demand regression model is estimated from demographic attributes such as population 
and employment because they tend to have a positive relationship with nonmotorized activity 
(Munira, 2017). A nonlinear regression model is then estimated with modal trips as independent 
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variables and the forecasted e-scooter demand as the dependent variable. The model multiplies 
the modal trips with a probability that varies by distance. The probability represents the 
likelihood that e-scooter ridership will draw from the competition of existing modes; as specified 
in the model, it should either draw from direct trips or from the access modes to public transit. 
Estimation of the model would then reveal the modal trips that contribute to e-scooter demand, 
the amount that they would draw from, and how that amount varies by distance of the trip. 
 
 
FIGURE 1. Framework for research design. 
  
 
3.1 Data 
We start with data from the e-scooter pilot program organized by the PBOT, which is publicly 
available. The program has published an analysis report along with the survey data collected 
from e-scooter riders who had participated during the initial four-month pilot period (July to 
November 2018). The survey results inform the socio-demographic data of the participants, 
including income, age, purpose of the ride, and alternative mode substituted by the trip (PBOT, 
2018). 
The Portland survey data provides a background of the riders and the characteristics of the 
trips: 30% of trips were to commute, whereas 28% were used for pleasure or recreation.  Some 
riders used e-scooters as a substitution of other modes such as driving or walking. The largest 
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age group among riders in Portland is between 20 and 50 (86%). A model is estimated from this 
data as shown in Section 3.2. 
To transfer a model from Portland to NYC, we used the 2017 American Community Survey 
(ACS, 2018) to obtain demographic and economic statistics based on zip code (Towncharts, 
2018). A variety of factors were collected as potential independent variables. Some of the data is 
summarized in Table 1. In Portland there are 29 zip codes while in Manhattan there are 41.  
 
TABLE 1. Demographic data statistics of each zip code in Portland and New York 
Portland 
(N=29) Population density Median age 
Median household 
income Unemployment rate 
Mean  5,608   38   61,913   5  
Minimum  62   31   32,276   2  
Maximum  15,785   51   94,192   9  
     
New York 
(N=41) Population density Median age 
Median household 
income Unemployment rate 
Mean  81,009   37   100,189   4  
Minimum  5,484   30   27,932   -  
Maximum  159,898   48   250,001   10  
  
To obtain more similar population density levels at a similar scale, we chose to use Traffic 
Analysis Zones (TAZs) instead of zip codes. We restrict the study area to districts in Manhattan 
which fall under TAZ 1 to 318. NYMTC 2010/2011 Regional Household Travel Survey (RHTS) 
(NYMTC, 2011) collected sample trip data from the public in the New York Metropolitan Area. 
This data provides origin-destination demand based on TAZ level and six different trip modes. 
There were 5.842 million observed total daily trips in Manhattan in 2011, and the mode shares of 
carpool, transit, taxi, bike, walk, and auto were 2%, 29%, 4%, 2%, 60%, and 4%, respectively. 
As we can see, Manhattanites traveling in the same borough mostly walk, with only a very low 
percentage driving a car.  
Whereas the survey data offers travel data on the TAZ system, the ridership data estimated 
through the Portland regression model is based on zip code only. Thus, a mapping from the zip 
code level data to TAZ level is made. For overlapping zones, we distribute the attributes by 
proportion of population in each zoning system.  
Trip distances for all modal trips except public transit were determined from the 2018 LION 
(NYC, 2018) road network. The public transit trip travel times were determined using a transit 
router function (Balac, 2018) in MATSim with General Transit Feed Specification (GTFS) data 
from 2016 (TransitFeeds, 2019). The transit travel time includes egress, access, and transfer 
time.    
Lastly, for the Citi Bike data, we obtained total trip count from their website which 
publishes daily ridership data, station locations, and travel times between stations (Citi Bike, 
2018). The locations of origin/destination stations are converted to TAZ level using QGIS. Some 
districts do not have access to Citi Bike as there are no stations nearby. For this research, the 
average daily ridership within Manhattan is collected based on the locations of origin/destination 
stations with the same period of Portland’s pilot program (July to November 2018). The total 
number of daily Citi Bike trips is 38K.  
The average trip total by zone and mode in Manhattan are shown in Table 2, and the overall 
total in Figure 2. Although the years for the trip counts differ, it should not be a problem 
assuming there is a trip growth rate between 2011 and 2018 and would be accounted for in the 
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factor coefficient. The RHTS data only accounts for trips taken by residents, and thus excludes 
tourists. 
 
TABLE 2. Modal trip counts in Manhattan used as independent variables for multifactor model 
Mode Data source Average Daily Count by TAZ Count Standard Deviation by TAZ 
Carpool 2011 RHTS 296 805 
Public transit 2011 RHTS 5,314 4,937 
Taxi 2011 RHTS 825 1,556 
Bike 2011 RHTS 350 693 
Walk 2011 RHTS 11,162 10,730 
Auto 2011 RHTS 661 1,446 
Citi Bike Citi Bike (2018) 122 157 
 
 
FIGURE 2. Average trips per zone per mode by distance. 
 
One of the strong assumptions is that a model from Portland is transferable to NYC, which is 
required due to data limitations. A future remedy once more data is available from different types 
of cities is to estimate the model based on data from multiple cities. 
 
3.2 Models 
This section provides details on the specification and estimation of the two models.  
  
3.2.1 Multivariate log-linear regression model for forecasting e-scooter trip demand 
Based on Portland's pilot program data (PBOT, 2018), the e-scooter usage area is aggregated 
from 29 zip codes in Portland. For the duration of the pilot period, the official total ridership of 
e-scooters in Portland was 700K. This total ridership is broken down into daily trips by dividing 
this number by 120 days, which provides the average daily ridership. In order to determine the 
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ridership demand at the zip code level, the daily ridership is distributed across the 29 zip codes 
by mapping out the percentage of riders traveling through each zip code, which is retrieved from 
the routing data.  
Based on the survey results, several demographic variables were considered to estimate a 
model of e-scooter ridership, as shown in Table 3. Applying the collected social, economic, and 
demographic data per zipcode, the linear regression travel demand model is estimated.  
 
TABLE 3.	Candidate independent variables for trip-generation model 
Variables Description (units) 
Median Age The median age of the population in a neighborhood 
Income The median household income of a neighborhood ($) 
Labor The average rate of labor force participitation (%) 
Population The number of people living in a neighborhood 
Unemployment The average rate of unemployment (%) 
Population Density The population divided by the area of a neighborhood (/sqmi) 
Age Ratio The ratio of age from 20’s through 40’s in the total population 
Health Insurance  The average percentage of health insurance holders (%) 
 
We use a multiple log-log regression model. This log-log linear demand function is a well-
acknowledged method when it comes to an econometric model since it captures the elasticities of 
each variable from the parameters of a driven demand model (Dritsakis, 2000). This model 
follows the assumption of multiple linear regression models, where the disturbance 𝜀!  is 
normally distributed. Correlation tests found that median age and unemployment rate have a 
strong negative correlation. The unemployment rate was removed to avoid multicollinearity. 
Through the backward selection method, the final model is presented in Eq. (1). The parameters 
are estimated using ordinary least squares performed in R, the statistical computing software. 
 ln 𝑅!"#,! =  𝛽!"#$% + 𝛽!"# ∙ ln 𝐷𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝐴𝑔𝑒 𝑅𝑎𝑡𝑖𝑜 + 𝛽! ∙ ln 𝐿𝑎𝑏𝑜𝑟 + 𝛽!∙  ln(𝐼𝑛𝑐𝑜𝑚𝑒)+ 𝛽!" ∙ ln 𝐻𝑒𝑎𝑙𝑡ℎ 𝐼𝑛𝑠𝑢𝑟𝑎𝑛𝑐𝑒 + 𝜀! (1) 
where  
 𝑅!"#,! is the total number of e-scooter trips generated in zone 𝑖 
 𝛽!  is the constant and coefficients of the attributes, 𝑘 = {𝑐𝑜𝑛𝑠𝑡,𝐷𝐴𝑅, 𝐿, 𝐼,𝐻𝐼} 
 
The estimation results are shown in Table 4. All the coefficients were found to be 
statistically significant and the adjusted R squared value was 0.663. The F-test also illustrates the 
model is significant with a p-value less than 0.01. 
 Age group was one of the key factors of e-scooter demand, and this analysis duplicates the 
results of the survey in Portland, showing that the targeted riders (ages 20 through 40) 
constituted a significant portion of total ridership. Since the e-scooter service is only operated by 
smartphone app, the requisite ownership of a smartphone can affect the usage of e-scooters. The 
percentage of smartphone ownership in the targeted age group has increased to around 90% from 
2016 to 2018, whereas the age group of 50+ remains similar at 74% or less (Pew Research 
Center, 2018). Additionally, since the purpose of the e-scooter ridership was mostly for 
commuting or recreation (PBOT, 2018) and a large proportion of the labor force consists of the 
targeted age group, we see that the e-scooter ridership is dependent on people between 20-40 
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years of age. Other variables are also substantially significant to explain the model with p-values 
less than 0.05. 
 
TABLE 4. Summary of Statistics for log-linear multivariate regression model 
Variables Coefficient Std. Error t.value p-value 𝛽!"#$% -138.579 52.8011   -2.625 0.0151∗ 𝛽!"# 1.264 0.3188    3.966 0.0006∗∗∗ 𝛽! 16.137 5.5978    2.883 0.0084∗∗ 𝛽! -5.564 2.0118   -2.766 0.0109∗ 𝛽!" 28.383 12.3223    2.303 0.0306∗ 
*, **, and *** indicate statistical significance at the 0.05, 0.01, 0.0001 levels, respectively.  
Summary of Fit  Analysis of Variance 
Residual standard error: 1.469  
Multiple R-square: 0.713 
Adjusted R-squared:  0.663 
p-value: 5.406e-06 
Observations: 28 
SSR (df): 123.21 ( 4 ) 
SSE (df): 49.643 ( 23 ) 
F-statistic:14.27 
  
In a log-log regression model, the coefficient of each variable represents an elasticity with 
respect to the dependent variable (see Benoit, 2011). By calculating the relationships between 
each variable and e-scooter ridership using Eq. (2), we can illustrate the impact of a percentage 
change in each variable. For instance, the elasticity of increasing the income is -5.564 and 
increasing income by 1% reduces e-scooter ridership by 5%.  
 𝑒!"#$%&'&%(∗!" (!.!")  (2) 
 
A comparison of the predicted e-scooter trips versus observed trips is shown in Figure 3. 
Having estimated a good-fit model, we now apply this to Manhattan TAZs to obtain predicted e-
scooter trips per zone 𝑅!"#,! shown in Figure 4. 
 
 
 
                                   (a)                                                                                          (b) 
FIGURE 3. (a) Heatmap of residuals between modeled versus observed e-scooter trips by zip code in Portland and 
(b) Relationships between two values 
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                     (a)                                                    (b) 
FIGURE 4. (a) E-scooter ridership per TAZ and (b) comparison of Citi Bike and e-scooter trips by zip code. 
 
The 41 zip codes in Manhattan are further divided into 𝑍 = 318 TAZs. After applying the 
model to the TAZs in Manhattan, the total daily forecasted e-scooter ridership is 66K, which is 
equivalent to about 1% of total combined modal trips within Manhattan. A large portion of rides 
are projected to occur in upper and lower Manhattan as shown in Figure 4(a). Citi Bike, which is 
the most similar mode to e-scooters, had 38K total riderships over the same period in 2018. The 
estimated e-scooter ridership is approximately 40% higher than that of Citi Bike. The higher 
number can be explained by the fact that accessibility for Citi Bike is more limited in some areas 
and dependent on availability of stations and bike lanes (Xu and Chow, 2019).  
The difference is clearer when we observe Figure 4(b) showing ridership by e-scooters and 
Citi Bike by zip code. Generally, e-scooter and Citi Bike ridership have similar geographical 
trends. However, in areas where Citi Bike is not accessible (as shown by near zero ridership), e-
scooters are not restricted due to their dockless system. 
Despite the similarities, we do not know for sure where the 66K e-scooter trips would be 
drawn from, whether it is replacing another direct mode like 𝑀 = 𝐶𝑖𝑡𝑖 𝐵𝑖𝑘𝑒,𝑎𝑢𝑡𝑜, 𝑡𝑎𝑥𝑖,𝑤𝑎𝑙𝑘, 𝑐𝑎𝑟𝑝𝑜𝑜𝑙, 𝑜𝑟 𝑝𝑢𝑏𝑙𝑖𝑐 𝑡𝑟𝑎𝑛𝑠𝑖𝑡  or replacing an access mode for public transit, or drawn from 
latent demand. The next model explores this relationship.  
 
3.2.2 Nonlinear Multifactor Model  
We propose a novel nonlinear regression model as a type of multifactor model that breaks down 
the e-scooter trip demand into the most statistically significant components. These components 
are drawn as replacement trips competing against either direct trips for all modes (𝑁!,! ,𝑚 ∈𝑀, 𝑖 ∈ 𝑍) or access trips using public transit (𝑚 = 𝑝𝑢𝑏𝑙𝑖𝑐 𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ).  
In designing the model, we hypothesize that distance should play an important role. Shorter 
distance trips should be more likely to be replaced by e-scooters. For example, some pilot studies 
already demonstrate the average distance of e-scooter ridership is typically less than 2 miles 
(PBOT, 2018; BCDOT 2019). Existing e-scooter fee structure scales in proportion to duration, 
thus the utility of e-scooter choice for longer trips is expected to be less than shorter trips (Smith 
and Schwieterman, 2018). To capture this dependency, we propose a parameter 𝑃! that varies by 
distance category 𝑑 ∈ 𝐷, where 𝐷 = 0− 1 𝑚𝑖, 1− 2 𝑚𝑖, 2− 3 𝑚𝑖,… , 13− 14 𝑚𝑖 , which is 
used to quantify the percent of modal direct trips that are in competition with e-scooters. The 
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modal trips can be further segmented by distance category, 𝑁!,!,!. We should see this parameter 
increase when the distances of trips are shorter. We specify the following relationship in Eq. (3), 
where 𝛽! is a calibrated parameter set per distance category, and 𝛿! is the average distance of 
trips made for category 𝑑. 
 𝑃! = 𝛽!𝛿! 	 (3) 
 
Given the portion 𝑃!  of 𝑁!,!  that are subject to competition with e-scooters, another 
parameter set is introduced to represent the proportion 𝐹! of modal trips that would be replaced 
by e-scooters. This proportion varies by modal trips but is fixed by distance. If the different 
modes contribute to e-scooter trips differently, then 𝐹! would vary across modes significantly. 
Lastly, a constant 𝐶 is used to capture everything that cannot be controlled for: statistically 
insignificant trip fractions for modes, induced demand, or tourist trips not captured by the 2011 
RHTS trips. 
For the trips that are not subject to competition with e-scooters (i.e. 1− 𝑃! 𝑁!,!), they 
generally do not contribute to e-scooter trips, except for public transit. For the latter trips, e-
scooter trips that do not compete directly may still end up substituting the access trips. We 
propose that the fraction 𝐹!",!!  of public transit trips subject to e-scooter competition with the 
access trips have a functional form shown in Eq. (4) to be estimated, where 𝑡!! is the average 
access time (in hours) for trips to public transit from zone 𝑖 ∈ 𝑍 and 𝑡!! are the corresponding 
average egress trip times into zone 𝑖 ∈ 𝑍. 
 𝐹!",!! =  𝛽! + 𝛽! ∗ 𝑡!! + 𝛽! ∗ 𝑡!! 	 (4) 
 
The final nonlinear regression model for substitutional ridership is shown in Eq. (5). 
 𝑅!"#,! =  𝐶 + 𝐹! 𝑃!𝑁!,!,!!∈!!∈!  + 1− 𝑃! 𝐹!",!! 𝑁!",!,!!∈! + 𝛾! (5) 
 
where 𝛾! is the disturbance in the nonlinear regression model. Since both 𝐹! and 𝑃! need to be 
estimated, this model is nonlinear in its parameters. The least-squares regression methodology is 
applied to estimate the parameters using Excel Solver with the GRG Nonlinear method. 
Parameters are sought to minimize the gap between the demand for e-scooters and the substituted 
trips for each zone. The objective function is shown in Eq. (6). The estimated coefficients are 
reported in Table 5. Only four parameters end up being non-zero. Interpretation of these results 
are presented in Section 4. 
 min𝑍 = 𝑅!"#,! − 𝑅!"#,! !!∈! 	 (6) 
 
We use the bootstrap method to evaluate the statistical significance of the estimated 
coefficients (Chernick, 2014). We sample (with replacement) from the 318 observations to 
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reconstruct 40 bootstrap samples of those 318 observations (shown in Table 5), which provides 
the 90% confidence interval for the coefficient means.  
 
TABLE 5. Results of parameters for nonlinear regression model  
 Bootstrap Confidence Interval (90%) 
Variables Coefficient Bootstrap Std Error Lower Upper 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡(𝐶) 203.618 27.964 151.320 234.890 𝐹!"#$ 0.049 0.054 0.000 0.109 𝛽! 0.104 0.204 0.017 0.500 𝛽! 0.004 0.070 0.000 0.188 
 
 
4. DISCUSSION 
 
The results of the modeling and analysis are quite insightful. First, the linear regression model 
predicts 66K daily e-scooter trips. The nonlinear multifactor model breaks this number down into 
two types. By structuring the model into direct or access trips while incorporating distance, the 
results provide an indication of where the trips are likely to be drawn from.  
 From this estimation, we discovered that the trip patterns for many of the modes are varied 
enough that we cannot conclusively determine a non-zero fraction of trips that would be 
substituted by e-scooter. Instead, these are all explained by the constant 𝐶 which aggregates 
these impacts with latent demand and tourist trips. On average, the constant itself explains 64.5K 
of the e-scooter trips.  
 We glean from the remaining parameters some relationships, however. The value 𝛽! = 0.104 suggests that at the shortest distance e-scooters are at most 20% (when average trip 
distance is 0.5 mi) likely to compete with the other modes, but drops down to 4% for trips 
between 2-3 miles long. Based on the 𝐹!"#$ = 0.049, we can conclude that implementing a 
Manhattan-wide e-scooter program with enough supply should result in substituting ~1% !!!!"#$!.! !"  or less of taxi trips. The distribution of substituted taxi trips by zone (which sums over 
all distance trips per zone) is shown in Figure 5(a). We see pockets of concentration with clusters 
around Lower Manhattan (particularly in SoHo to Tribeca areas) and Upper Eastside (east of 
Central Park). 
The fare model for many e-scooter companies is consistent around 𝑓𝑎𝑟𝑒 = $1+ $0.15 ×𝑟𝑖𝑑𝑒𝑟𝑠ℎ𝑖𝑝 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛(𝑚𝑖𝑛) (per Lime). With 66K total trips and supposing an average trip 
distance of 1.6 miles reflecting ~ 12 minutes (BCDOT, 2018), we determined a potential average 
daily revenue of $185K for the e-scooter market, or ~$67M annual revenue from Manhattan. 
Assuming comparable travel speeds of bikes (10 mph) along with knowledge of the distribution 
of substituted taxi trips by distance, we have enough information to compute the amount of daily 
revenue resulting from competition with taxi trips. The distribution of revenue by distance is 
shown in Figure 6, with a total of $2181 per day, or ~ $800K per year of the $67M that can be 
explained by competition with taxis. The distance distribution suggests a decreasing proportion 
of revenue results from direct substitution by e-scooters; conversely, we can expect to see an 
increasing proportion of taxi riders over greater distances compared to e-scooters. 
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(a)                                                                                              (b) 
  
FIGURE 5. (a) Substitution of taxi trips (%) per TAZ and (b) public transit access trips (%) per TAZ 
  
The other major factor revealed from the model estimation is access/egress to public transit 
trips within Manhattan. The average egress time is 4.87 minutes (0.081 hr) reported from the 
2011 RHTS. Based on this, the average value of 𝐹!",!!  is 0.0003. The small number makes sense 
since public transit trips are much larger in Manhattan per zone. As a result, as the distance of 
transit trips increase, the percent supported by e-scooter access/egress is predicted to increase up 
to 0.03% of transit trips. The zonal distribution of e-scooter trips substituting access/egress to 
public transit can be found in Figure 5(b).  
The revenue structure for access trips differs from the taxi substitution trips because the 
former’s travel time generally remains around the same regardless of the length of the public 
transit trip. We see this in Figure 6 where the revenues from substitution of access/egress trips 
change less than those of the taxi trips over distance. This results in a total of $758/day, or 
$277K annual revenue from the access/egress to public transit trips within Manhattan. A future 
consideration is to consider the public transit trips entering and leaving Manhattan; we expect to 
see a similar revenue pattern even with longer distances.  
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FIGURE 6. The revenue from substituted taxi and transit access trips by distance. 
  
 
5. CONCLUSIONS 
 
We conducted the first demand forecasting model study for e-scooter mobility. The demand 
model is based on data available from a pilot conducted in Portland, OR. The model is applied to 
Manhattan data to find a potential market of 66K daily trips and $67M annual revenue assuming 
12-minute trips.  
In addition to the demand model, we proposed and estimated an exploratory multifactor 
model to try to explain where the predicted trips may come from. While most of those trips 
cannot be explained due to too much noise (as expected due to high number of tourists, latent 
demand, and other sources that existing data sources would not adequately describe), we do find 
that commuter taxi trips and access/egress trips to public transit provide non-zero parameters.  
The estimated parameters allow us to analyze the spatial distribution for the two certain 
modes and break down those substituted trips by distance. As a result, we see a clear distinction 
between the distance structure of substituted direct trips like taxis and that of access/egress trips 
for public transit. 
 For future research, there are some constraints to overcome. More detailed data and 
modeling across multiple cities would make the e-scooter forecast model more transferable. This 
study also ignored the e-scooter supply, focusing only on the demand side. However, as we have 
seen in other studies (e.g. Xu and Chow, 2019), the supply of the mobility service will impact 
demand. Capturing non-commuter behavior would also help. In our study, only Citi Bike data 
captures tourist trips. In the Portland pilot, a substantial proportion of e-scooter riders were non-
Portlanders. According to its survey data, 48% of visitors’ e-scooter trips had been replaced from 
motorized travel modes such as taxi, FHV, and rental cars (PBOT, 2018). 
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